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Abstract

Customer segmentation allows companies to create mutual profiles of their customers. Determining
industrial customer segments based on a single perspective causes various customer features to be
disregarded. This study aims to develop a holistic segmentation approach in a BZB setting. The paper
proposes a multi-dimensional segmentation model with four main criteria: customer purchasing
performance, customer cooperation, customer workload, and customer potential. The case study
demonstrates the real-life application of the proposed model using 379 customer data and 17 sub-criteria
under four dimensions. The Fuzzy C-Means Clustering Algorithm creates the customer segments, and the
Fuzzy Analytical Hierarchical Process is used to calculate criteria weights. The marketing strategies of each
segment are used to guide customer relations and managerial decisions. This paper suggests that companies
segment their customers by considering financial performance, cooperation level, future potential
throughput, and challenges. It provides a practical and holistic insight into industrial customer segmentation.
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Bulanik C-Ortalamalar Kiimeleme Algoritmasini Kullanan Cok Boyutlu
Bir Miisteri Segmentasyon Modeli: B2B Ortaminda Bir Pilot Calisma

0z

Miisteri segmentasyonu, isletmelerin miisterilerinin ortak profillerini olusturmalarina olanak tanir.
Endiistriyel miisteri segmentlerinin tek bir bakis agisina gére belirlenmesi, ¢egsitli miisteri ozelliklerinin goz
ardi edilmesine neden olmaktadir. Bu ¢alisma, B2B ortaminda biitiinsel bir segmentasyon yaklasimi
gelistirmeyi amaglamaktadir. Calismada dért ana kriter iceren ¢ok boyutlu bir segmentasyon modeli
onerilmektedir: miisteri satin alma performansi, miisteri isbirligi, miisteri is ylikii ve miisteri potansiyeli. Vaka
calismasi, 379 miisteri verisi ve dort boyut altinda 17 alt kriter kullanarak onerilen modelin gergek hayattaki
uygulamasini géstermektedir. Bulanik C-Ortalamalar Kiimeleme Algoritmast miisteri segmentlerini
olusturmakta ve kriter agirliklarini hesaplamak icin Bulanik Analitik Hiyerarsik Stire¢ kullanilmaktadir. Her
bir segmentin pazarlama stratejileri, miisteri iliskilerini ve yonetimsel kararlari yénlendirmek igin kullantlir.
Bu ¢alisma, isletmelerin finansal performans, isbirligi diizeyi, gelecekteki potansiyel is hacmi ve zorluklari
dikkate alarak miisterilerini segmentlere ayirmalarit gerektigini éne stirmektedir. Endiistriyel miisteri
segmentasyonuna pratik ve biittinciil bir bakis agisi saglamaktadir.

Anahtar Kelimeler: Miisteri segmentasyonu, endlistriyel miisteri iliskileri, bulanik analitik hiyerarsi
stireci, bulanik C-means algoritmasi
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Introduction

Customer relationship management (CRM) helps in making strategic decisions by selecting the most
profitable customers and shaping the interactions with those customers (Kumar, 2010). Profitability is
generally addressed with monetary value according to the past transactions of the customers and future
predictions. However, the indirect contributions of the customers for potential profitability are ignored.
Apart from financial returns, strong relationships with industrial customers enable a company to obtain
more accurate demand forecasts (Fiala, 2005; Min et al., 2019; Ozkan & Ward, 2020), to increase its
business volume by developing new ideas and products with joint R&D projects (Bonner & Walker, 2004;
Zander & Zander, 2005; Noordhoff etal.,, 2011; Zheng et al.,, 2022), to obtain new customers with customer
references (Johnson et al. 1997; Ma et al. 2011) and to maintain its market position through the
development of loyal customers. The multi-dimensional approach provides to evaluate industrial
customers for marketing expenditures and customizing offerings for them in the Business-To-Business
(B2B) settings.

Within the scope of analytical CRM, customer segmentation (Smith, 1956) simplifies the complexity of
dealing with large numbers of individual customers, each with their own distinct needs, purchasing
attitudes and behaviors, and different potential values (Sota et al,, 2018; Wilson et al,, 2002; Kotler &
Armstrong, 2012; BoSnjak & Grljevi, 2011). Customer segmentation takes an entire customer population
or a subgroup of this population and clusters them into homogeneous groups based on their preferences,
characteristics, and values (Liozu & Hinterhuber, 2019). And segmentation is used to define and increase
the value of their industrial customers (Ritter & Andersen, 2014). Traditional segmentation techniques
are limited by their focus on single criteria, leading to the omission of critical customer characteristics
(Hadad & Keren, 2022). Recent studies highlight the importance of multi-dimensional segmentation
models that consider multiple factors (Pradana & Ha, 2021). However, the determination of the
segmentation dimensions for customer clustering is another tough decision for executives.

The customer segmentation variables generally depend on customer behavioral characteristics, especially
those pertaining to customer purchases and value-oriented attributes (Hiziroglu, 2013). Customer lifetime
value (CLV), as value-oriented attributes identified the financial gain derived from customers over their
lifetime of transactions, is aimed at shedding light on strategic CRM decisions that utilize profitability
measurement from several approaches (Bayer, 2010; Payne & Frow, 2005; Chan, 2008; Simkin, 2008).
Value-based segmentation regarding CLV estimates depends on using parameters depending on customer
behavior (Hwang et al., 2004; Gupta et al., 2006). Hiziroglu and Sengul (2012) categorize the models used
to calculate CLV into two groups, models for past customer behavior and models for future-past customer
behavior. The RFM model (recency-frequency-monetary), which is one of the most widely used models
and works based on past customer behavior, portrays customer monetary behavior and allows companies
to determine which customers are worth communicating with (Gupta et al., 2006; Wei et al., 2010). The
RFM model predicts purchasing behavior by using when, how often, and in what quantity customers have
previously purchased (Yan et al., 2018). The basic assumption of RFM is that a customer's future behavior
is based on their past and present behavioral patterns. Similarly, the PCV model is used to examine the
total contribution to the current profits based on all previous transactions. The SOW model is used to
calculate the amount of money that customers regularly allocate to a particular brand/company rather
than to competing brands in the same product category. Future-past behavior-based models are generally
used to calculate CLV both with and without customer acquisition cost with mathematical formulas
(Hwang et al., 2004; Gupta et al., 2006; Berger & Nasr, 1998; Gupta & Lehman, 2003). The measures of CLV
and customer segmentation are not based on a precise model because of the difficulties in predicting
customer behavior (Singh et al., 2009; Ekergil & Ersoy, 2016).

Customer segmentation dimensions change according to sector, company, and customer profile, and
different calculations can be developed for each company depending on their internal processes and
priorities (Wind, 1978; Kumar et al., 2004; Tsiptsis & Chorianopoulos, 2009; Jayaratne et al., 2017).
Companies might prefer to use a single variable, a few specific variables, or a combination of single and
multiple variables for customer segmentation. Kolarovszki, Tengler and Majerc¢akova (2016) developed a
three-dimensional segmentation model for postal enterprise customers that consists of the development
potential, cost to serve and relationship value of customers. Cooil, Aksoy and Keiningham (2008)
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determined behavioral dimensions in the retail sector, including the amount spent, purchasing type, food
and nonfood purchased, seasonality, basket size, and communication degree. In their segmentation model,
Kim, Fong, and Desarbo (2012) concentrated on customer perceptions of quality based on independent
variables such as region, account type, business type, relationships with other suppliers, the number of
employees of the company, and the number of years as a customer. Bayer (2010) determined
segmentation variables regarding speaking time, frequency, and amount spent in the example they gave
for the telecommunications sector. Casas-Rosal et al. (2021) explored the use of multi-criteria decision-
making approaches to segment food markets based on consumer preferences. Their research highlights
the effectiveness of multi-criteria methodologies in developing actionable customer groups. Similarly, Kim
and Lee (2023) proposed a multi-criteria customer segmentation model integrating sentiment analysis
with clustering techniques to capture both quantitative and qualitative customer attributes. For industrial
customer segmentation, while some studies involve industrial customer segmentation by using RFM
parameters (Kumar & Philip, 2022; Maulina et al., 2019; Ramkumar et al., 2025), Nairn and Berthon (2003)
stated that the general segment criteria have changed from demographic, geographic, and purchasing
volume to brand preferences, repeat purchases, or profitability metrics. Tsiptsis and Chorianopoulos
(2009) defined industrial customer segmentation variables as value, size, industry type, and company life
stage. On the other hand, Giligdemir and Selim (2015) proposed five industrial customer segmentation
variables: loyalty, average annual demand percentage, long-term relationship potential, and percentage of
change in average annual sales revenues. Sheikh, Ghanbarpour and Gholamiangonabadi (2019) used
purchasing length, recency, frequency, monetary and periodicity dimensions for the B2B setting. Barrera
et al. (2024) developed a multicriteria model to support decision making for customer segmentation in a
B2B context by using variables such as RFM, customer collaboration and growth rates.

In B2B contexts, effective customer segmentation is pivotal for tailoring marketing strategies and
optimizing resource allocation. In addition to the financial segmentation dimensions intensively studied
in the literature mentioned above, distinctive characteristics arising from industrial customers’
relationships with the business should also be considered. It is well recognized that for an effective supply
chain management players need to collaborate and align their operations, while also participating in joint,
mutually agreed-upon decision-making processes (Wendel et al., 2013; Galli et al., 2021). Coordinating
partners to achieve shared goals is essential for fostering a successful and mutually beneficial exchange
relationship and cooperating with customers is vital to value creation and increase the service innovations
(Mention, 2011; Limpanitgul et al., 2013; Marcovic et al., 2020; Virtanen & Bjork, 2024). Therefore,
companies benefit more from customers with whom they have a high level of cooperation. While the
degree of cooperation differentiates customers, workload is another factor that influences this balance.
The difficulty of some customers' demands or the complexity of the nature of the work to be done creates
a burden on the relationship with those customers. In addition, increasing consumer expectations for
enhanced services, complex products, longer product warranties, and evolving sustainability regulations
bring novel challenges to producers (Kreye & van Donk, 2021; Menon et al,, 2024). Another vital factor for
long-term customer relationship planning is assessing a customer's potential growth and alignment with
the company's strategic objectives. Ignoring a customer's potential because their current spending is low
is a shallow perspective Because customers often distribute their expenditure among several firms. They
may possess greater overall spending capacity and could increase their spending with the company if
competition decreases or the company offers improved products or services (Hanneke et al., 2024). As a
result, these factors, other than the direct monetary relationship between industrial enterprises, show that
different customers may have different effects on the company. To the best of the author’s knowledge, no
empirical studies have been published as of now which detail how to develop a segmentation model for
considering customer purchasing performance, customer cooperation, customer workload, and customer
potential factors simultaneously.

This study seeks to answer how a holistic, multi-criterial segmentation model can be developed and
applied to industrial customers to improve strategic decision-making and customer relationship
management. And it aims to propose a holistic segmentation model tailored to industrial customers,
incorporating multiple dimensions such as financial performance, cooperation levels, workload, and
potential growth. While the model examines customers in four main dimensions, it recommends that
companies create sub-criteria in line with their own needs.
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A holistic customer segmentation model

This study proposes a holistic segmentation model that covers the financial performance of industrial
customers, their collaborative method of doing business with the company, their corporate difficulties,
and their future business potential.

Customer
Cooperation

Customer
Workload

Customer
Purchasing
Performance

-~ Customer
Potential

Figure 1. The holistic customer segmentation model( Created by the author).

The model demonstrated in Figure 1 is focused on the different dimensions of the relationship between
companies and their customers, including such dimensions as "customer purchasing performance,"
"customer cooperation,” "customer workload," and "customer potential." The customer purchasing
behavior and the financial results under customer purchasing performance reveal customer
characteristics from a monetary perspective. The indicators of this dimension are generally critical for
companies due to profitability concerns. Customer cooperation is an important aspect of the customer
experience and the perceived quality of products and services. The strength of the relationship causes the
customer to be more willing to pursue joint gains in conjunction with the company. As good relations
increase the level of cooperation, cooperation also supports relationships and connects customers to the
company. Customer cooperation has many indicators, such as knowledge sharing, joint product
development, participation, and loyalty. On the other hand, customer workload emerges in the
relationship as a burden placed on the company by the customer. Companies that try to meet the demands
of their customers also exert power at each step of service delivery. Along with notional forces, such
purchasing persuasion, information sharing, and price negotiation, such companies encounter tangible
forces such as the necessity of providing the necessary people, machines, and materials to produce
customer orders. Last, criteria such as the levels of investment and progress made and the capacity of the
customer within the company sector are indicators that reveal the potential of doing future business with
the customer. Companies can divide their customers into segments by creating sub-criteria from the four
proposed criteria aligned with their needs. The case study illustrates a real-life application of the proposed
model.

An application in the B2B setting

The case company is a leading reducer manufacturer in the industrial machinery manufacturing sector. It
focuses solely on B2B markets in construction, mining, food, agriculture, livestock, textiles, air
conditioning, and transportation systems. Its portfolio encompasses three customer types: dealers,
machine manufacturers, and end-user companies. The data set used in this case study covers the
transaction details of 379 dealers for three years. These are customers with whom relationships are
relatively high and transactional data recording is more detailed.

This study employed the in-depth interview technique, a commonly used qualitative research method, to
gather detailed insights into customer segmentation. The exploratory research process involved multiple
stages to ensure a comprehensive understanding of customer behaviors and perceptions. In the first stage,
preparatory work was conducted to design the interview questions. These questions were developed
based on the four main criteria of the segmentation model: customer purchasing performance, customer
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cooperation, customer workload, and customer potential. The questions were semi-structured to allow
flexibility and to capture in-depth perspectives from the participants. Relevant literature was also
reviewed to ensure the questions were aligned with established segmentation principles. Interviews were
conducted with the marketing manager of the business, who provided a strategic perspective on customer
segmentation. Additionally, three employees from the sales and marketing team were interviewed to offer
operational insights and firsthand experience with customers. These participants were chosen for their
direct involvement in customer interactions and their understanding of both the quantitative and
qualitative aspects of customer relationships. The data collection phase involved conducting interviews
over four full days. Each interview lasted between 60 to 90 minutes, depending on the depth of the
discussion. The sessions were recorded with participant consent and were used for analysis. Participants
were encouraged to provide examples and elaborate on their experiences to capture nuanced
perspectives. During the analysis phase, the interview data was systematically reviewed using thematic
analysis. Responses were categorized and coded according to the main criteria of the segmentation model.
Through this process, both the positive and negative aspects of customers were identified. To enhance
research transparency and reliability, the findings were discussed in a debriefing session with the
participants, enabling further clarification and validation. Additionally, any discrepancies or differing
viewpoints were carefully examined to provide a balanced and objective interpretation of the data.
Overall, this rigorous and multi-stage approach ensured a robust understanding of customer
characteristics. By triangulating insights from various participants and systematically analyzing the data,
the study offers well-rounded conclusions that contribute to the refinement of the segmentation model.
As a result, 17 criteria were specified under the proposed customer segmentation model, and Figure 2
shows the company's segmentation criteria. Under the customer purchasing performance criterion, gross
profitability, purchase amount, payment terms, order frequency, sales revenue, and discount rate take
part. Demand forecast accuracy is measured through the ratio of declared and occurrence, the acquisition
of new customers through customer recommendations, the relevant number of joint R&D projects
initiated and the degree of loyalty, in conjunction with customer cooperation. Difficulty with the supply of
raw materials, production difficulties concerning customer orders and special product requests are the
primary customer difficulties. The number of brands in the dealer's portfolio, total customer revenue, the
number of competitors in its region, and the number of regions in which customers are served all serve as
the criteria for customer performance. All sub-criteria apart from loyalty degree, difficulty with raw
material supply, and difficulty in production are obtained from the company's ERP system. The marketing
department categorizes the loyalty degree, material supply difficulty, and production difficulty according
to their insights and knowledge. Additionally, the discount rate, the difficulty of raw material supply,
difficulty in production, special product requests, and the number of competitors in the customer region
are negative dimensions used in the evaluation of customers.
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Customer Segmentation

Clskme: Eunlusug Customer Cooperation Customer Workload Customer Potential
Performance
G Profitability Demand Forecast Difficulty with Raw Number of Brands in
TSRO — Accuracy Material Supply — Customer Portfolio
Purchase Amount Bungingae New Difficulty in Producti Customer Total Rew
£ |, Clititmss ifficulty in Production __,.| Customer Total Revenue
. - Toint R&D Projects Special Product L 2 }Iumber of Compem_ars
& Requests in the Customer Region
MNumber of Regions in
Order Frequency i Degree of Loyalty —*  which Customer are
Served

—" Sales Revenue

Discount Rate

Figure 2. The detailed customer segmentation model of the case company( Created by the author).

Calculation of segmentation criteria weights using fuzzy AHP

The perspectives of different evaluators and the variability of language as processed by subjective
perceptions both affect the determination of the relevant criteria. Multicriteria decision-making (MCDM)
method is used to detail how decision-makers evaluate the available alternatives and choose the best
solution (Wang & Lee, 2009). The Fuzzy Analytic Hierarchy Process (Fuzzy AHP), one of the most popular
MCDM techniques, is used to represent human thoughts, facilitate the processing of qualitative and
quantitative information, apply hierarchical structure, reduce pairwise comparisons, and create priority
vectors (Ibrahim et al.,, 2011).

The Fuzzy AHP method was used to calculate the weights of the upper criteria and the sub-criteria decided
by the marketing department. The segmentation criteria weights are calculated according to the fuzzy AHP
through the geometric mean method (Buckley, 1985). The main criteria are compared through a fuzzy
scale by constructing a pairwise comparison matrix, and the sub-criteria under each main criterion are
compared with each other. Fuzzy geometric mean values (T;) of the criteria (j) are calculated for all (i) by
multiplying fuzzy numbers. The fuzzy criterion weights (W;) are equal to the normalization of the fuzzy
geometric mean values, as given in the formula below.

I = (MT1 ®..® 1\7[‘:])1/j
\7\71 = Fi ® (Fl @ @ fj)_l

According to the results of the main criteria weights, customer purchasing performance (W;) has the
highest weight at.662. The customer cooperation criterion (W, ) comes next with a ratio of 0.179, and the
customer workload criterion (W3) ranks number three with a weight of 0.102. Finally, the criterion weight
of the customer potential (W,) is 0.057.
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[ calculate the individual effects of sub-criteria by multiplying the weights of each sub criterion and the
weights of their main criteria, as shown in Table 1. These values are used to determine the importance
levels of the segments after running the clustering algorithm.

Table 1
Segmentation Criteria Weights
Customer  Purchasing Customer Cooperation Customer Workload Customer Potential
Performance
Demand Difficulty with g;lamngglir?f
Gross Profitability  .173  Forecast .021 Raw Material .042 .008
Accuracy Supply Customer
Portfolio
AcquiringNew Difficultyin CustomerTotal
Purchase Amount  .195 Customers for .045 ’ .042 .030
Production Revenue
The Company
Numberof
_ _ Competitors in
Payment Term 107 JOMLRAD 015 SpecialProduct 414 the Customer 013
rojects Requests Region
Number of
Order Frequency .024 Eegree of .098 Regions in which .007
oyalty Customer are
Served
Sales Revenue .064
Discount Rate .098

Customer segmentation process using the fuzzy C-means clustering algorithm

There are many segmentation techniques, such as clustering, classification, evolutionary algorithms, self-
organizing maps, and artificial neural networks, for creating similar customer groups. Fuzzy clustering is
a partitioning cluster algorithm that divides an entity set into several homogeneous clusters according to
the chosen similarity measure. The fuzzy C-means method (Dunn, 1974; Bezdek, 1981), one of the most
well-known fuzzy clustering algorithms, is used to determine membership functions based on a distance
function and calculate membership degrees according to the proximity of entities to the cluster centers.
The algorithm works as follows (Havens et al. 2012)

1. Initialize the partition matrixU = [u;;]

2. Calculate the center vector C for each step.
ZiLa uif’x;

CG=~w—m

j=1 1

3. Calculate the distance matrix.
dij = V2L Xi — G
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4. Update the partition matrix.

e

If ||U(k +1) — U(k) || <€, then end the algorithm; otherwise, return to step 2.

Determining the ideal number of clusters is a general problem for fuzzy methods due to the lack of prior
knowledge (Zanaty, 2012). The exact number of clusters should be calculated to determine the maximum
resemblance in each class generated. To determine the number of clusters, the elbow method is used to
provide an optimal number of clusters by SSE (sum of square error), and the silhouette index is used to
measure the effectiveness of the generated clusters by measuring the inter- and intra-cluster distances of
the generated clusters (Marutho et al., 2018; Sharma et al., 2017; Waheed et al., 2020).

I coded the fuzzy C-means clustering algorithm with 379 customers and 17 segmentation criteria using
Visual Basic Applications (VBA). All runs were made on a PC with an Intel® Core™ 15-3360 M CPU@2.80
GHz and 8.00 GB RAM. Table 2 shows the silhouette index (SSE), number of iterations, and process time
according to the increased number of clusters.

Table 2

Number of Clusters and Related Indicators
glu mber of SSE Silhouette Index Numb_er of CPU Time (sec.)

usters Iterations

2 .148 .863 29 62.14
3 125 717 66 90.66
4 127 510 44 87.66
5 130 492 26 77.25
6 128 489 12 64.23
7 126 .509 14 69.08
8 126 428 16 76.37
9 124 .525 13 72.69
10 123 448 20 90.82

Figure 3 displays the changes in SSE values based on the number of clusters. According to the elbow
method, the elbow of the SSE curve occurs when the number of clusters reaches 3. Since there is a further
decrease in the silhouette index after the third cluster, as seen in Table 2, the number of clusters is
determined to be 3.

0,160
0,150
0,140
0,130
0,120
0,110
0,100

SSE

2 3 4 5 6 7 8 9 10

Number of clusters

Figure 3. SSE and the number of clusters
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The number of customers assigned to these three clusters and their membership degree statistics are
given in Table 3.

Table 3
Number of Customers in the Clusters and their Membership Degrees
Clusters Num. of. Avg. Degreg of Max. Degre_e of  Min. Degre_e of
Customers Membership Membership Membership
1 341 950 .989 701
2 28 675 847 392
3 10 .852 965 475

The average membership degree of the customers in each cluster is above 50%. The highest membership
degrees, which can be seen in Cluster 1, indicates the grouping of many customers with similar
characteristics. The elements with the minimum membership degrees, which are grouped in Cluster 2,
differ from their general customer profiles and can be defined as discrete elements.

Marketing strategies for customer segments

Defining the customer segments with common customer characteristics facilitates the development of
marketing strategies. The profile features of the segments are given in Figure 4 according to the
distribution of center segment coordinates revealed through the consideration of 17 segmentation
criteria. There is a clear difference between the three segments included in "customer purchasing
performance”, and the "degree of loyalty" as derived from "customer cooperation” is distinctive. "Special
productrequests” stand out in the "customer workload", while "customer total revenue" plays a distinctive
role in the "customer potential” criterion.

0,1100
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0,0900
0,0800
0,0700
0,0600
0,0500
0,0400
0,0300
0,0200
! — G t#l
0,0100 cemen
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© e & K & Q7 QY X > &
,_)Q X < P QP & N 337\ oéeQ’@Q;\ & Y Q’,\*\ PO
& & ) S S FE S P & O
(\é °o\ S ) ‘5{'\\(‘ \fz} o 3 S _o(\L)
2 N N N Q,(’ A N & QO\
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Figure 4. Distribution of the center of segment criteria
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The customer data shown in the first segment, which is the most crowded segment, reveal that the first
segmentation criterion values, "customer purchasing performance,” are generally lower than those of the
other two segments. The fact that the value of the "payment term" is the highest among them, even with
just a tiny difference, creates a negative indicator for this segment. This segment is in the last place when
ranking "demand forecast accuracy,” "customer converted from competitors” and "loyalty degree" as
related to "customer cooperation”. Under the "customer workload" criterion, "manufacturing difficulty" is
positively differentiated from other segments, while "special product demand" has the highest rates, thus
describing a negative effect. In the last criterion, "customer potential," the sub-criteria values of "number
of brands in the customer portfolio” and "number of regions served" are higher than other segments. The
"customer total revenue" data fall significantly behind in the other two segments. Overall, the first
segment's customer profile has low purchasing performance and cooperation but shows midrange levels
for customer workload and potential.

The second segment data, apart from the "payment term" sub-criterion, has average values in all the sub-
criteria of "customer purchasing performance”. While "joint R&D projects" has the lowest value in the
"customer collaboration” criterion, it exhibits a moderate profile in other sub-criteria. According to the
"difficulty with raw material supply” and "difficulty in production" sub-criteria under "customer
workload", the most difficult customers are categorized in this segment. These customers are in first place
in the "customer total revenue" sub-criterion regarding “customer potential,” and they exhibit a significant
difference compared to customers in other segments. In general, customers in the second segment exhibit
average performance and cooperation, high customer workload, and high customer potential in their
relationship with the company.

According to the data of the third segment, the "payment term" sub-criterion under "customer purchasing
performance” has the lowest value, but only a slight difference. However, it is in first place by a large
margin in all other performance sub-criteria. This segment again ranks highest in all the sub-criteria of the
"customer cooperation” criterion. While it occupies the midrange in the "production difficulty" sub-
criterion under the "customer workload" criterion, the remaining are in the first order with the lowest.
While all the sub-criteria under "customer potential” are in the last order, "customer total revenue" ranks
in the middle. In general, customers in the third segment can be evaluated as having high performance and
cooperation and a medium level of customer difficulty and potential.

The significance level of three segments is calculated using the multiplication of center coordinates and
segment weight arrays by considering whether the criteria are positive or negative. Table 4 shows that
the most important customer group is that of pearls (third segment), followed by hidden potentials
(second segment), and finally guests (first segment).

Table 4
Segment Profiles
2
[+F]
O = = O
5t s 5£F 53 sy sz £ &
SE ©g ESE E 5 ES E S SR
2 5 o = o= 8 s 2 o= o= = E -
¢ E&  g¥z 2F 2T i2 B &%
RS, Z &3 SE& S8 o 2 S & 3 5 3
S#elgment 341 Guests Low Low Moderate Moderate .000 3
Seoment Hidden
#zg 28 Potential Moderate =~ Moderate High High 006 2
s
Segment 10 Pearls High High Moderate Moderate .044 1

#3
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Although "guests" has the highest number of customers, customers in this exhibit category have low
purchasing performances and cooperation profiles. Accordingly, the company has too many customers
that do business on a small scale. This segment does not include those customers worthy of investment
from a business point of view. However, with sufficient resources obtained from this large number of
customers, those customers with low levels of customer workload and high levels of customer potential
can be selected for strengthened bilateral relations.

The "hidden potentials" group consists of influential customers. However, not enough sales revenue is
obtained from these customers. Insufficient cooperation with these customers or customer workload
issues could cause this. The company should increase its promotional activities and improve its relations
with these high-potential customers. Customer special product requests, difficulties in production, and
raw material difficulties also prevent a sufficient level of business from being conducted with these
customers the company can invest in these areas by determining the standard production processes and
common raw material needs. In this way, the company can increase its business volume and cooperation
with “hidden potentials.” Moreover, some customers in this segment can be shifted to the "pearls" group
over time.

"Pearls" are the company's most valuable customers, with whom it does the most business and with whom
the most revenue is generated. Companies should implement retention strategies for these customers
utilizing high levels of collaboration and purchasing performance, and long-term relationships should be
established. The company can conduct joint studies to increase the regions serving these lucrative and
cooperative customers. Thus, the potential and business volume of these valuable customers can be
increased.

Conclusion and Discussion

CRM maximizes customer value and increases competitiveness through information sharing in industrial
markets and the integration of processes in the supply chain (Zeng et al., 2003). Customer segmentation,
the most prominent function within the scope of analytical CRM, is a method frequently applied by
industrial enterprises in relationship management (Xu et al, 2002; Wilson et al., 2002). Grouping
customers with common characteristics makes it easier for companies to develop common offers for the
customers in the same group. One of the most popular criteria in customer grouping is CLV, which
calculates the financial gain a customer can bring to the company throughout the relationship. However,
focusing on only monetary value decreases the inclusivity of customer segmentation. To determine
different customer types, companies should consider adopting segmentation variables derived from
applying a broad perspective according to their managerial decisions.

Although studies in recent years have focused on multi-criteria segmentation models (Gligdemir & Selim,
2015; Sheikh et al.,, 2019; Kim & Lee, 2023; Barrera et al., 2024), no comprehensive segmentation model
for industrial customers has been found to the best of the author’s knowledge. This study aimed to develop
a comprehensive and multi-criterial customer segmentation model tailored to industrial customers by
integrating financial performance, cooperation levels, challenges, and potential growth. Under these four
criteria, 17 sub-criteria determined by the in-depth interview method for the industrial enterprise were
used to cluster the real data of a case study. By employing the fuzzy C-means clustering method, the model
categorized the company’s 379 industrial customers into three distinct segments: Pearls, Hidden
Potentials, and Guests. The fuzzy AHP method was further applied to determine the importance levels of
these segments, providing strategic insights for managerial decision-making (Strahle & Spiro, 1986).

The results reveal that Pearls represent the company’s most valuable customers, contributing significantly
to its revenue and maintaining strong business relationships. To sustain and enhance these relationships,
the company should implement a retention strategy focusing on customer loyalty, personalized services,
and long-term collaboration. Establishing tailored loyalty programs, providing exclusive offers, and
dedicating key account management resources are recommended actions. On the other hand, Hidden
Potentials are characterized by their substantial purchasing power and growth potential, although the
company’s current relationships with them are underdeveloped. A building strategy should be pursued to
strengthen these relationships through targeted promotional activities, joint innovation projects, and
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closer engagement. Developing customized product offerings and enhancing service quality can stimulate
future business growth. The Guests segment, although consisting of a large number of customers,
contributes minimally to the company’s financial performance and exhibits low levels of cooperation.
Applying harvesting or divesting strategies is advisable for this group. The company could focus on
selective retention of the most promising customers within this segment while reducing resource
allocation to those with limited potential. Exploring cost-effective service solutions and reassessing
contract terms can optimize resource utilization.

The study effectively meets its research objectives by providing a robust, adaptable, and multi-
dimensional segmentation model. By identifying and categorizing industrial customers based on financial
performance, cooperation levels, workload, and growth potential, the model provides actionable insights
that directly support strategic decision-making. It offers insights for businesses seeking to maximize
customer value, improve operational efficiency, and strengthen competitive advantage. Additionally, the
adaptable nature of the model enables companies to adjust criteria weights in response to changing
market conditions. For instance, during periods of economic uncertainty, companies may emphasize
financial performance, while in times of market expansion, customer potential may gain greater
significance. Future research could apply the model across different industries and customer types.
Additionally, longitudinal studies can track customer transitions between segments over time, offering
insights into the long-term impacts of strategic decisions.

Theoretical /Practical/Economic and social contributions

This study contributes to the literature on B2B customer segmentation by introducing a holistic, multi-
criterial approach that extends beyond traditional financial metrics. Unlike single-criteria models, this
study supports the importance of incorporating cooperation, workload, and potential growth dimensions
(Marcovic et al., 2020; Virtanen & Bjork, 2024; Kreye & van Donk, 2021; Menon et al., 2024; Hanneke et
al.,, 2024). By employing fuzzy C-means and fuzzy AHP methodologies, the study advances theoretical
understanding of how qualitative and quantitative factors can be integrated into customer segmentation
models. From a managerial perspective, this study offers a clear framework for industrial companies
seeking to optimize their CRM strategies. The segmentation model provides actionable insights that guide
decision-making processes, enabling companies to allocate resources efficiently and prioritize customer
engagement. Managers can implement tailored marketing strategies aligned with segment-specific needs,
resulting in increased customer satisfaction and revenue growth. Furthermore, the dynamic nature of the
model enables its adaptation to different market conditions and industry-specific requirements (Sota et
al, 2018).

The study’s holistic segmentation model not only offers theoretical and practical advancements but also
provides economic and social benefits. By applying the insights gained from this research, companies can
create value for both themselves and their stakeholders, fostering sustainable growth and enhanced
competitive positioning. The proposed model supports improved resource allocation by focusing on high-
value customers and recognizing growth opportunities. By implementing retention and building strategies
for strategic segments, companies can maximize customer lifetime value (CLV) and achieve long-term
profitability. Moreover, the efficient allocation of resources reduces operational costs, providing a
competitive advantage in industrial markets (Hiziroglu, 2013; Kumar & Philip, 2022). On a societal level,
the study promotes collaborative business practices by emphasizing customer cooperation and joint value
creation. Companies that engage in strong partnerships with their customers foster knowledge sharing
and mutual growth (Mention, 2011; Virtanen & Bjork, 2024). Furthermore, supporting customer
development through targeted relationship-building efforts can lead to more resilient supply chains and
sustainable market ecosystems.
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Genisletilmis Ozet
Amacg

Bu calisma, endiistriyel pazarda miisteri segmentasyonu icin finansal performans gibi tek bir bakis acisini
ele almanin yetersizligini vurgulamaktadir. Geleneksel segmentasyon yontemlerinde miisterilerin ortak
profilleri olusturulurken, cesitli miisteri 6zellikleri géz ardi edilmekte ve bu durum homojen gruplar
yaratmada yetersiz kalmaktadir. Calisma, bu eksiklikleri giderebilmek amaciyla ¢ok boyutlu bir
segmentasyon modeli gelistirmeyi hedeflemektedir. Onerilen model, dért ana kriteri (miisteri satin alma
performansi, misteri isbirligi, miisteri is yilikii ve miisteri potansiyeli) dikkate alarak, isletmelerin
musterilerini daha kapsamli bir sekilde analiz etmelerini ve bu dogrultuda daha etkili pazarlama
stratejileri ve yonetimsel kararlar alabilmelerini saglamay1 amaglamaktadir. Bu baglamda, arastirma hem
teorik hem de pratik agidan énemli bir boslugu doldurmay1 hedeflemektedir.

Tasarim ve yontem

Bu ¢alisma uygulamali bir aragtirma olup, endiistriyel miisteri segmentasyonu icin dort iist kriter (mtisteri
satin alma performansi, miisteri isbirligi, miisteri is yilikii ve misteri potansiyelini) lizerinden ¢ok boyutlu
bir segmentasyon modeli dnermektedir. Vaka c¢alismasi olarak secilen isletmenin satis ve pazarlama
yoneticisi ile yapilan derinlemesine goriisme yontemi sonucunda iist kriterler altinda 17 alt kriter
belirlenmis ve ikili karsilastirma matrisleri olusturulmustur. Nitel ve nicel bilgilerin islenmesini
kolaylastirmasi, hiyerarsik yapiy1 uygulamasi ve tutarsizligi azaltmasi gibi gii¢lii yonlerinden dolayi kriter
agirliklarini hesaplamak icin Bulanik Analitik Hiyerarsik Siire¢ (Fuzzy Analytical Hierarchy Process)
yonteminden yararlanilmistir. Segmentasyon yontemi olarak Excel Visiual Basic for Applications tizerinde
kodlanan Bulanik C-Ortalamalar Kiimeleme Algoritmasi (Fuzzy C-Means Clustering Algorithm)
kullanilmistir. Bulanik c-ortalamalar yontemi hiyararsik olmayan boliimleyici algoritmalardandir. Her
kiime elemaninin her kiimeye olan farkl aitlik dereceleri vardir ve hangi kiimeye olan yakinlik derecesi
fazla ise o kiimenin elemani oldugu varsayilir. Eger bir eleman kiimesine uyumlu bulunmayip o kiimeden
cikarilmak isteniyorsa ikinci en yakin kiimeye bakilabilir. Ayrik elemanlarin fazla oldugu veri setleri i¢cin
giiclii 6zelliklerinden dolay1 bu yontem tercih edilmistir. Elbow Yéntemi ve Sihouette Indeks Yontemi
sonuclari karsilastirilarak ideal kiime sayis1 bulunmustur. Elbow Yéntemi, optimal kiime sayisini1 bulmak
icin farkl kiime sayilarina sahip en yakin agirlik merkezi ile her bir veri noktasinin Hata Kareler Toplami
(SSE) degerini bularak ¢alisir. Kiime sayisi1 arttik¢a SSE azalir ve SSE'de en fazla diisiisiin oldugu belirli bir
kiime sayis1 degerinde dirsek yapar ve bu noktada verilerin béliimlemesi durdurulur. Sihouette Indeks
Yonteminde ise kiimeleme islemi sonrasi her bir veri elemani i¢in kiime ici diger elemanlarla olan yakinlik
ve kiime dis1 diger elemanlarla olan yakinlik degerlerinin oranlanmasi ile hesaplanir. Sonug degerinin 1’e
yakinlig1 kiimelemenin basarisini gosterir. Bu yontemler ile 379 adet miisteri belirlenen 17 segmentasyon
kriterine bagh olarak 3 segmente ayrilmistir. Calismada, elde edilen her bir miisteri segmentinin
pazarlama stratejilerinin olusturulmasinda ve miisteri iliskilerinin yonetilmesinde nasil kullanilabilecegi
detaylandirilmistir.

Bulgular

Arastirma sonucunda, ¢ok boyutlu segmentasyon modelinin B2B miisteri segmentasyonu stirecinde
onemli bir fark yaratacagina dair giiclii bulgular elde edilmistir. Isletme Satis ve Pazarlama Yéneticisi ile
derinlemesine goriismeler sonucunda dort st kriter altinda 17 alt kriter belirlenmistir. Buna gore
musterilerin satin alma davranislari ve bunun sonucunda getirdigi finansal sonuclar1 temsil eden “Miisteri
Satin Alma Performansi” iist kriteri altinda “Briit KArlilik”, “Satin Alma Miktar1”, “Odeme Vadesi”, “Siparis
Siklig1”, “Satis Geliri”, ve “Iskonto Orami” alt kriterleri yer almaktadir. Miisterilerin isletmeyle olan
iliskisindeki katki durumuna bakildig: “Miisteri Is Birligi” kriterinin altinda “Talep Tahmin Uyum Oran1”,
“Rakipten Cevirdigi Misteri Orani”, “Ortak ARGE Calismasi” ve “Sadakat Derecesi” alt kriterleri
toplanmistir. Miisterilerin siparislerine bagh isletmeye getirdigi yiikiin gostergesi olarak “Miisteri

n «

Zorlugu” kriterinin altinda “Hammadde Tedarik Zorlugu”, “Uretim Zorlugu” ve “Ozel Uriin Talebi” yer
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almaktadir. Son olarak miisterinin iligki stiresi ve gelecek satin alma getirisi ile bag kurulan “Miisteri

n «“ n «“

Potansiyeli” Ust kriteri altinda “Miisteri Cirosu”, “Portféytindeki Alternatif Marka Sayis1”, “Bulundugu
Bolgedeki Rakip Sayisi”, “Hizmet Ettigi Bolge Sayis1” alt kriterleri belirlenmistir. Bulanik C-Ortalamalar
Kiimeleme Algoritmasi kullanilarak olusturulan miisteri segmentleri, miisterilerin satin alma davranislari,
isbirligi diizeyleri, is yiikleri ve gelecekteki potansiyel is hacimleri gibi faktorlere gore anlaml gruplara
ayrilmistir. Sonuclara gére 6nem derecesi en yiiksek olan “Degerli Miisteriler” isletmenin en ¢ok is yaptig
ve en fazla gelir elde ettigi en kiymetli miisterileridir. isletme, is birligi ve satin alma performans: yiiksek
bu miisterilerle uzun siireli ve giiclii iliskiler kurarak elinde tutmahdir. ikinci énem sirasinda yer alan
“Potansiyeli Yiiksek Miisteriler” segmenti bliyiik ve giiclii miisterilerden olusmasina ragmen bu
miisterilerle olan is iliskileri zayiftir. Isletme, potansiyeli yiiksek olan bu miisterilerle olan iliskilerini
giiclendirilmeli, tutundurma faaliyetleri arttirilmali ve is hacmini arttirici yatirimlarda bulunmalidir. Son
sirada yer alan “Dlisiik Degerli Miisteriler” segmenti diger segmentlere gore en fazla miisteri sayisina sahip
segment olmasina ragmen satin alma performansi ve is birligi agisindan diisiik bir profil ¢cizmektedirler.
Buna gore isletmenin ¢ok fazla kii¢iik capta is yaptigi miisterisi oldugu sonucu ¢ikarilmaktadir. Bu
miisteriler i¢cin pazarlama harcamalarini diistik tutmak isletme agisindan uygun olacaktir.

Sinirhliklar

Bu ¢alismanin sinirliliklart arasinda yalnizca belirli bir endiistriye ait verilerin kullanilmis olmasi yer
almaktadir. Calisma, 379 miisteri verisini icermekte olup, bu verilerin biiytik bir kismi belirli bir sektérden
alinmistir. Bu nedenle, elde edilen sonuglarin diger sektorlerdeki miisteri segmentasyonu igin
genellenmesi siirl olabilir. Ayrica, arastirmada kullanilan veri kiimesi belirli bir zaman dilimi i¢inde
toplanmistir. Miisteri davranislari ve pazar kosullar1 zamanla degisebilecegi icin, segmentasyon modelinin
uzun vadede nasil bir performans gosterecegi konusunda ek arastirmalar yapilmasi gerekebilir. Diger bir
sinirlilik, segmentasyon modelinin zaman icinde degisen miisteri ihtiyaclarina ne derece uyum
saglayabilecegidir. Miisteri segmentleri, belirli bir zaman dilimi icin gegerli olabilir, ancak isletmelerin
siirekli olarak bu segmentleri giincellemeleri ve yenilikei stratejiler gelistirmeleri gerekebilir.

Oneriler

Bu calisma, B2B miisteri segmentasyonuna biitiinsel bir yaklasim sunarak, teorik olarak miisteri
segmentasyonunun daha kapsamli bir sekilde yapilmasi gerektigine dair 6nemli bir katk: saglamaktadir.
Uygulama ag¢isindan, isletmelerin miisteri iliskilerini ve pazarlama stratejilerini daha etkili bir sekilde
yonlendirebilmeleri icin dort ana kriteri dikkate alarak segmentasyon yapmalari gerektigi 6nerilmektedir.
Bu sayede, miisteri memnuniyeti artirilabilir, isbirligi diizeyleri iyilestirilebilir ve gelecekteki is hacmi
daha dogru bir sekilde tahmin edilebilir. Sosyal acidan, miisterilerin daha iyi anlasilmasi ve ihtiyaglarinin
dogru bir sekilde belirlenmesi, miisteri iligkilerinde seffaflik ve giliveni artirabilir, bu da endiistriyel
sektordeki is yapma kiiltiirtinii olumlu yonde etkileyebilir.

Ozgiin deger

Bu calisma, endiistriyel miisteri segmentasyonu konusunda mevcut yaklasimlarin 6tesine gecerek, cok
boyutlu bir model 6nerisi sunmaktadir. Calismanin bulgulari, geleneksel segmentasyon yontemlerine
kiyasla, miisterilerin daha fazla 6zellik ve ihtiya¢ bazinda segmentlere ayrilmasinin isletmelere daha esnek
ve etkili bir pazarlama stratejisi gelistirme imkani sundugunu gostermektedir. Ayrica, Bulanik C-
Ortalamalar Kiimeleme Algoritmasi ve Bulanik Analitik Hiyerarsik Siire¢ yontemlerinin birlestirilmesi,
modelin dogrulugunu artirmis ve sektorel uygulamalar icin pratik bir ¢6ziim sunmustur. Bu 6zgilin
yaklasim, endiistriyel miisteri segmentasyonunda yenilik¢i bir bakis a¢is1 olusturmus ve alanindaki
literatiire katki saglamay1 amaglamistir.
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